Abstract Since particle size distribution (PSD) is a fundamental soil physical property, so determination of its accurate and continuous curve is important. Many models have been introduced to describe PSD curve, but their fitting capability in different textural groups have been rarely investigated. The aim of this study was to evaluate the fitting ability of 15 models on 2653 soil samples from 13 province of Iran, and to determine the best model among them for the PSD of all soil samples as well as for each soil textural group based on evaluation criteria. Results showed that the Weibull model was the most accurate model for all soil samples as well as for the clayey and loamy groups. After the Weibull, Fredlund, Rosin-Rammler and van Genuchten were the most accurate models. However, their differences were not significant (p B 0.05). Also, for the coarse texture group the S-shape model showed the better fit than the others. These results showed the performance of a particular model varies with the soil textural characteristics.
Introduction
Particle size distribution (PSD) is expressed as mass percentage of clay, silt and sand (Botula et al. 2013 ) is a fundamentally soil property that is typically used to predict hydraulic properties (Hwang and Hong 2006) and affects soil chemical properties such as adsorption of chemicals, buffering capacity and cation exchange capacity (Rizea et al. 2009; Erashin et al. 2006) . Also, soil erodibility, water retention, residual water content, specific surface area, permeability and saturated as well as unsaturated hydraulic conductivity (Vereecken et al. 2010; Nimmo 2004; Vipulanandan and Ozgurel 2009 ) are affected by PSD. Su et al. (2004) believed that changes in PSD can provide important indications on the impact of land use, desertification processes and soil degradation on soils.
Modeling and mathematical explanation of PSD, in addition to above-mentioned issues, has some more benefits such: (a) classification of soils using the best fitting parameters, (b) facilitating the search for soils with similar characteristics in data bases (Fredlund et al. 2000) , (c) using for designing of drainage filters and (d) obtaining useful soil parameters such as effective diameter (d 10 ) and uniformity coefficient (Vipulanandan and Ozgurel 2009) .
Traditionally, mechanical analysis of soil particle size is done by mass measurement of three soil fraction, sand, silt, clay and determination of texture class using soil texture triangular. But, soil samples that place in a specified texture class may have different PSD. For example, clay texture class in USDA classification system, contains all soil samples that have clay amount between 40 to 100 percent, while, determination of percentage or proportion of three main soil fraction i.e. sand, silt and clay, don't give us perfect information about soil PSD. So, mathematical models of PSD are used Posadas et al. 2001 ). An appropriate mathematical model must describe PSD such accurate that minimize differences between measured and estimated data (Vipulanandan and Ozgurel 2009) . It is essential to say that however the number of model parameters be more, the accuracy of model would be increased, too. In spite of using numerous models for description of PSD, practical application of them is limited because of their intricacy (Vipulanandan and Ozgurel 2009) . Soil PSD is often assumed log-normal (Campbell 1985; Shirazi and Boersma 1984) , but, Buchan (1989) showed that in half part of soil texture triangular, hypothesis of being lognormal isn't valid, because, soil texture classes consist extensive range of particle size from \0.02 to 2 mm. Fredlund et al. (2000) reported that main limitation of lognormal distribution model for PSD demonstration is its symmetry in logarithmic scale While, PSD of many soils don't show this symmetry.
Soil texture as well as the bimodal character of the soil significantly affects the respective performance of PSD models (Botula et al. 2013 ). There are only few studies have conducted to compare different mathematical PSD models (see Table 1 ).
According to the limit of our knowledge, no previous studies have been conducted based on a large dataset of soils which represents various conditions such as climate, texture and parent material. Moreover the performances of different PSD models have not yet been explicitly and comprehensively investigated in the previous studies. Therefore, the objective of this study are (i) to evaluate the performance of 15 various models for describing cumulative PSD of 2653 soils of the different regions of Iran using a comprehensive database and (ii) to investigate the influence of texture on the fitting performances of these PSD models. Then we would select the best model for all soil samples and each texture group.
Materials and methods
Samples of 2653 soils were collected from 16 provinces of Iran, representing a diversity of parent materials, climates, and times of soil formation, mineralogy and texture. This dataset represents 13 different FAO soil groups. Soil sampling carried out from surface layer (10-35 cm) of surveyed soil series. Samples transferred to laboratory, air dried and passed through 2 mm mesh. The PSDs were determined using conventional methods following H 2 O 2 pretreatment to eliminate organic matter. Fine size fractions were determined by hydrometer method, whereas the coarse fractions were obtained by sieving. Particle-size fraction data were classified by USDA standard (Gee and Or 2002) . For obtaining 12 points of PSD curve, reading of hydrometer carried out in 30 s, 1, 3, 10, 30, 60, 90, 120, 300, 600, 1440, 2880 min from beginning of test. Then, 15 PSD models (see Fig. 1 ) fitted on measured PSD data.
All soil samples, were divided in 3 texture categories including clay soils (clay and silty clay), loamy soils (silty loam, clay loam, sandy loam, silty clay loam, loam) and sandy soils (sandy, sandy loam) according to USDA. Accuracy of models evaluated for all samples and each texture category, separately. 
Tested five log-normal models for 71 soils from New Zealand Hwang et al. (2002) Evaluated fitting ability at 7 models on 1387 Korean soil samples Hwang (2004) Studied the effect of soil texture of 1387 Korean soil samples on the performance of nine different PSD models Lima and Silva (2007) Conducted a study on PSD of suspended sediments in river water Bah et al. (2009) Compared the fitting ability of seven PSD models to data of 55 fine-textured soil samples from New South Wales in Australia Bagarello et al. (2009) Evaluated the ability of the hyperbolic and Fredlund models to fit 243 soils Shangguan (2012) Investigated ten PSD models for the conversion of soil texture classification from ISSS and Katschineski to FAO/USDA system for soils from china Botula et al. (2013) Evaluated the performance of 18 PSD models for 1412 soils from Central Africa which had humid tropics Weipeng et al. (2015) Studied critical evaluation of PSD models of 1013 soil samples from different regions of china Bayat et al. (2015) Investigated fitting capability of PSD models on the 713 PSD experimental data of the UNSODA database
Parameters optimization procedure
Iterative nonlinear regression was used to find the values of fitting parameters, so that, the best fitting would be determined between PSD models and measured data (Hwang et al. 2002; Bah et al. 2009 ). For this purpose, SOLVER routine operator of the Microsoft Excel software was applied (Wraith and Or 1998) . Models comparison carried out via comparison of evaluation indices means using LSD test in SPSS software (SPSS Inc 2015) .
Comparison of models accuracy
We used three statistical indices to determine the performance of the 15 PSD models. One index was Akaike information criterion (AIC) which examines the complexity of the model together with its goodness-of-fit to the sample data, balances between the two, and discourages over fitting:
where, SSE is the residual sum of squares. N is the number of PSD data points for soil i, P is the number of model parameters, and Y pi and Y mi are predicted and measured cumulative mass fractions, respectively. According to AIC, the model with the smallest AIC value was selected as the best soil description. AIC imposes a penalty for additional fitting parameters (Botula et al. 2013) .
Further indexes for testing the quality of fit, was adjusted mean square error, RMSE (adjusted) , and R 2 because of the unequal number of parameters in the PSD functions (Weipeng et al. 2015) .
As the number of fitted parameters increases, the fitting performance generally improves. Thus, it is essential to determine this better fitting on measured data is related to its inherent nature or occurs at the expense of a corresponding increase in the possibility of overparameterization. So, we used adjusted determination coefficient (R 2 adj ) to eliminate the effect of difference in models parameters number. R 2 adj is usually applied to compare models that have different parameters number.
Cluster analysis
Cluster analysis is a multivariate method which aims to classify a sample of subjects (or objects) on the basis of a set of measured variables into a number of different groups such that similar subjects are placed in the same group (Everitt et al. 2001) . In this study, selecting the number of clusters was determined automatically by the SPSS 23 software. To classify the PSD models based on their fitting accuracy (using RMSE criterion as a variable), cluster analysis with Ward's method and Euclidean distance between the groups was performed by SPSS 23 software (SPSS Inc 2015). 
Results and discussion
All soil samples
In Table 2 , statistical indexes for clay, silt and sand are given for all soil samples and textural groups, separately. On the basis of Table 2 texture fractions had extended range and showed that soil samples had good distribution in all 12 USDA texture classes. Table 3 shows statistical analysis of the accuracy of the fitting PSD models on the all soil samples. Models are arranged based on their RMSE values so as each model which had minimum rate of RMSE is placed upper than the others in all tables.
Also Fig. 2 demonstrates results of clustering. RMSE amounts (Table 3 ) showed that Weibull model had the best accuracy for PSD curve fitting in all soil samples.
This result was in accordance with Buchan et al. (1993) researches. In cluster analysis diagram, Jaky and Powerexponential models placed in one class, jointly. RosinRammler model had higher accuracy (p B 0.05) than lognormal (ORL, SLM, ONL) distribution model similar result is reported by Gracza (1962) . SLM, Gompertz and ONL had the weakest prediction accuracy (p B 0.05) in (Table 3 ) showed that Weibull model had minimum amount in all studied soil samples, and implied that this model was the most favorable one so that had highest accuracy with reasonable parameter numbers. This difference was significant (p B 0.05) with all models except Rosin-Rammler and van Genukhten models. After these models, Fredlund model had the best accuracy than the others, but, hadn't significant differences (p B 0.05) with van Genukhten and power-exponential models. This was in contrast with Hwang (2004) results, which stated Fredlund had better accuracy than Van genukhten model. But Hwang (2004) , emphasized that WeibulL and van Genukhten had reasonable fitting accuracy. In our study, these two later models had good fitting accuracy, too. Significant differences between ORL, S-shape and hyperbolic models were not seen at level 5 %. ORL model had higher prediction accuracy than SLM and ONL models. Also, ONL model had the weakest prediction accuracy among all models. Hagen et al. (1987) showed that lognormal distribution models often failed to provide a close fit on PSD measured data, at the extremes of distribution curves. In other words, extreme tails of PSD curves will often deviate from log-normality. The first limitation associated with using a log-normal type of equation is the assumption that the grain-size distribution is symmetric. In reality, the grain-size distribution is often nonsymmetric and can be better fit by a different type of equation. Second, a method for fitting soils that are bimodal or gap-graded is of value and the four parameter log-normal equations have not been found to be satisfactory for fitting these types of grain-size distribution (Fredlund et al. 2000) . R 2 adj values (Table 3) showed that Weibull, RosinRammler, van Genukhten, Fredlund, Power-exponential and Jaky models had no significant difference (p B 0.05) and so, they can place in one group, jointly. According to R 2 adj , these models had similar accuracy. Because, R 2 adj isn't All small letters are signs for significant difference at level 5 %. SD standard deviation, Ave average Fig. 4 Cluster analysis diagram for loamy texture group based on accuracy of RMSE a powerful tool for relative discrimination of nonlinear models, although it does measure the absolute amount of variability accounted for by the model (Buchan et al. 1993) . Thus, we require better relative indicators of model performance, capable of discriminating statistically significant differences between models. Fredlund model had higher R 2 adj than S-shape and hyperbolic models. This result is in accordance with Vipulanandan and Ozgurel (2009) . SLM, Gompertz and al ONL, had a weak fitting capability rather than other models. Even, difference between ONL and Gompertz models with SLM one was significant (p B 0.05). According to Bayat et al. (2015) , Weibull, is the one of models had high fitting accuracy over a range of particle sizes. Table 4 shows comparison of models accuracy for prediction of PSD in clay texture group.
Clay group
Also, cluster analysis diagram is shown in Fig. 3 . Results proved that Weibull model had the highest accuracy with a view to all three Validation criterions, and from RMSE point of view, except Rosin-Rammler, van Genukhten, jaky, power-exponential, and ORL models, its difference with other models was significant (p B 0.05). In cluster diagram analysis, Weibull, Rosin-Rumler, and van Genukhten placed in one class and Jaky, exponential power and ORL in another class, jointly. ONL and Gompertz models had lower prediction accuracy than other models from all three indicators i.e. AIC, RMSE and R 2 adj . They also, settled in a common group. These two models hadn't any significant difference (p B 0.05).
In clay texture group, one-parametric jaky model, with a view to all three validation criterion, had more acceptable results to predict PSD curve than models with extra parameters such as, four-parametric Gompertz and threeparametric ONL models. Thus, it is concluded that accuracy of a model, doesn't always increase with over-parameterization. This result was different from Hwang (2004) one as well as Fredlund et al. (2000) , who reported that the performance of the Fredlund model would be increased as the clay content increased. This result may be due to the penalties imposed by the AIC (Burnham and Anderson 2002) for additional fitting parameters of multiparameter models comparing with the one-parameteric models (Bayat et al. 2015) . Hwang (2004) deduced that van Genukhten model wasn't suitable for soils with high clay content. In clay texture group, AIC indicator, demonstrated difference between all models in the best manner while R 2 adj criterion, didn't show a good separation capability. Table 5 shows comparison of models prediction accuracy for loamy group. Cluster analysis diagram is given in Fig. 4 too.
Loam group
Results showed that Weibull model had the best fitting capability accuracy from view to all three validation criterions. According to RMSE values, difference between Weibull model and other models was significant (p B 0.05) except Fredlund, Rosin-Rammler, van Genukhten, and Power-exponential models, and these models settled in one group in cluster analysis diagram, too. This result showed that mentioned models had similar fitting capability. ONL model had the lowest fitting accuracy rather than other models with view to RMSE and AIC amounts and placed in a separate group in cluster analysis diagram. According to R 2 adj Gompertz and ONL models, had the weakest results and their differences with other models was significant (p B 0.05). In loamy texture category, one-parametric Jaky model, still had higher prediction accuracy than multiparameter models such as four-parametric Gompertz (according to all three validation criterion i.e. R 2 adj , RMSE and AIC), three-parametric ONL (according to tree indicator) and three-parametric ORL (on the basis of RMSE and AIC). Fredlund model had higher R 2 adj than S-shape and tangent-hyperbolic models. This result was similar to Vipulanandan and Ozgurel (2009) one.
According to our findings, Weibull model had the best results comparing to the other PSD models for all soil samples, and clay and loamy soil categories. Bayat et al. (2015) , with examining the behavior of the fitted parameters for the PSD models concluded that Weibull model had advantages: (a) flexibility and high accuracy which showed this model has high accuracy and flexibility in fitting to different soils, and its parameters could describe the PSD curve adequately, (b) Non-overlap which shows that the effect of the parameters of a PSD model on the shape and Fig. 6 A plot of fitting capability comparison for the best five models for a soil sample of different textural groups position of the PSD curve is distinguishable, (c) Simple form and easy fitting procedure, (d) Non-over-prediction that shows this model have no over-prediction of cumulative mass fraction at the coarse end of the PSD curve. In fact, the models having over-prediction, predicts the values more than 1 for relative cumulative mass fraction that didn't have a physical meaning. Also, according to Bayat et al. (2015) , parameters of this model have a physical concept. Also, overall classification of this model is categorized as ''good'' quality of fitting procedure (Bayat et al. 2015) . Table 6 shows comparison of models accuracy for prediction of PSD in sandy texture category.
Sand group
Also, its cluster analysis diagram is given in Fig. 5 . Results of this group are different from two former categories to some extent. In this category, S-Shape model was the most accurate model according to R 2 adj , RMSE and AIC indicators, so that settled in a separate group in cluster analysis diagram. After it, Gompertz and Weibull models had higher fitting capability. Gompertz, Weibull and Fredlund models placed in one group in cluster analysis, jointly. So, we can conclude that these three models are suitable for PSD description of sandy texture group. Various order of accurate in different textural groups showed that fitting capability of models is different in each textural group and texture could affect the performance of PSD models. So, the most accurate model should be selected for each texture category. Hwang et al. (2002) reported that Gompertz model had the best fit on sandy and sandy loam soils. That is similar to our result. Power-exponential, SLM and logarithmic models were the weakest models for sandy texture group and according to RMSE, R 2 adj and AIC criteria; their difference with other models was significant (p B 0.05). Difference of power-exponential and SLM models with logarithmic model was significant (p B 0.05) with a view to three evaluation critical i.e., RMSE, R 2 adj , AIC. In Fig. 6 , illustration of fitting comparison of the best models for clay, loam and sandy texture groups are given, respectively. Figure 7 showed that each model had the best fitting in how many percent of soil samples (all samples Fig. 7 Percent of the soil samples in which the PSD models performed the best fit on the PSD curve, based on the RMSE criterion. a All soil samples, b clay texture group, c loamy texture group, d sandy texture group and each texture group, separately). It must note that in majority of past researches, (Hwang et al. 2002; Hwang 2004; Vipulanandan and Ozgurel 2009) , Fredlund model was reported as the best model for PSD description. In our study, acceptable fitting of Fredlund model on measured data was seen, too. So that, in Fig. 7 , except sandy texture group, Fredlund model provided the best fitting ability in majority number of all soil samples and also, for loamy and clay texture groups, due to having further parameters than models that have fewer parameters such as lognormal likewise, the relative performance increased with increase of clay content (Fredlund et al. 2000; Hwang 2004 ). Also, we can consider that Fredlund model is physical one. Investigation of models standard deviation showed that the Fredlund model had higher standard deviation than Weibull model indicates a poor fitting curve. Also, according to Bayat et al. (2015) Fredlund unimodal model had a complex form and difficult fitting procedure which are disadvantages of this model. But advantages of Fredlund model are flexibility and high accuracy as well as non-overlapping. Also, overall classification of this model categorized as ''good'' quality of fitting procedure (Bayat et al. 2015) . According to Fig. 7d , it was found that the fits of PSD models declined with increasing sand content (Hwang et al. 2002) . On this basis, it can be noted that model performance deteriorated as the sand proportion of soils increased. This is consistent with results obtained by Weipeng et al. (2015) .
Conclusion
Majority of studied models had acceptable accuracy for prediction of soils PSD curves. Our results showed that Weibull, Rosin-Rammler and van Genuchten models had the best prediction accuracy according to all three validation criterion. So, it is probable that accuracy of these models has less dependence to texture than other models. Results indicated that S-Shape and Gompertz models had better fit than other models in coarse texture group. Validation of fitting procedure of 15 models for prediction of soil PSD showed that three-parametric Weibull model had the most accuracy. This ability can't be as a result of number of parameters, because, Gompertz, Fredlund, ONL and ORL models with further or similar parameters number had poorer prediction ability. Thus, increasing in parameter number, can't always guarantee to increase the models ability. Likewise, Fredlund model had the best fit on majority of soil samples. So, we can use Weibull and Fredlund models with acceptable accuracy to predict PSD curve that is an important property in soil physics, mechanics and indirect measurement of soil hydraulic properties.
